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Abstrat
In this paper, we onsider two stohasti models of gene expression in
prokaryoti ells. In the rst model, sixteen biohemial reations involved
in transription, translation and transriptional regulation in the presene
of induer moleules are onsidered. The time evolution of the number of
biomoleules of a partiular type is determined using the stohasti simula-
tion method based on the Gillespie Algorithm. The results obtained show that
if the number of induer moleules, NI , is greater than or equal to the number
of regulatory moleules, NR, the average protein level is high in the steady state
(state 2). The magnitude of the level is the same as long as NI ≥ NR. When
NI is ≪ NR, the average protein level is low, pratially zero (state 1). As NI
inreases, the protein level ontinues to remain low. When NI beomes lose to
NR, protein levels in the steady state are intermediate between high and low.
In the presene of autoatalysis, a ell mostly exists in either state 1 or state 2
giving rise to a bimodal distribution in the protein levels in an ensemble of ells.
This orresponds to the all or none phenomenon observed in experiments. In
the seond model, the induer moleules are not onsidered expliitly. An ex-
haustive simulation over the parameter spae of the model shows that there
are three major patterns of gene expression, Type A, Type B and Type C.
The eet of varying the ellular parameters on the patterns, in partiular, the
transition from one type of pattern to another, is studied. Type A and Type
B patterns have been observed in experiments. Simple mathematial models of
transriptional regulation predit Type C pattern of gene expression in ertain
parameter regimes. The model studied by us inludes all the major biohemi-
al reations involved in gene expression and the stohasti simulation results
provide an understanding of the mirosopi origins of the dierent patterns of
gene expression.
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I. Introdution
Gene expression is the entral ativity in a living ell. Genes are fragments of DNA
moleules and provide the blueprint for the synthesis of funtional moleules suh as
RNAs and proteins. In eah ell, at any instant of time, only a subset of genes present
is ative in direting RNA/protein synthesis. The gene expression is on in suh a
ase. There are two major steps in gene expression: transription and translation.
During transription the sequene along one of the strands of the DNA moleule is
opied or transribed in a RNA moleule (mRNA). During translation, the sequene
of the mRNA moleule is translated into the sequene of amino aids onstituting
a protein, i.e., a protein moleule is synthesized. Regulation of gene expression is
an essential proess in the living ell and determines the rates and patterns of gene
expression. An in-depth understanding of gene expression and its regulation is the
entral fous of biology [1℄.
The proesses of transription and translation involve several biohemial rea-
tions, the kinetis of whih determine how the number of partiipating biomoleules
hanges as a funtion of time. In the traditional dierential rate-equation approah,
the time evolution of a system of hemial reations is assumed to be ontinuous and
deterministi. In reality, the time evolution is not a ontinuous proess as moleular
population levels in a reating system hange only by disrete integer amounts. Fur-
thermore, the time evolution is not deterministi as the ollision of moleules whih
brings about a hemial reation is a probabilisti event. The deterministi rate equa-
tion approah is justied when the number of moleules of eah hemial speies is
large ompared to thermal utuations in the onentration. In a living ell, the
number of moleules partiipating in dierent biohemial reations is often small
and there are onsiderable utuations in the reation rates. As a result, the time
evolution of the reating system, in terms of how the number of reating moleules
hanges as a funtion of time is stohasti rather than deterministi. There is now
an inreasing realization that stohastiity plays an important role in determining
the outome of biohemial proesses in the ell [2℄. Stohasti eets in gene ex-
pression explain the pronouned ell-ell variation observed in isogeni populations.
A ell may have the option of proeeding along one of two possible developmental
pathways. The pathway seletion is probabilisti and the ell fate depends on the
partiular hoie of pathway. Thus, even a lonal population of ells an give rise
to two distint subpopulations in the ourse of time. The randomization of pathway
hoie leads to diversity and inreases the likelihood of survival of organisms in widely
dierent environments.
The issue of stohastiity (randomness or noise) and its eet on ellular pro-
esses as well as on the operation of syntheti devies like geneti swithes, has been
addressed in several theoretial studies [3, 4, 5, 6, 7, 8, 9, 10, 11℄. A omplete un-
derstanding of ellular proesses requires an appreiation of events at the level of
an individual ell and subsequent extrapolation to an ensemble of ells. Reent ex-
perimental advanes have made it possible to study proesses within a single ell
unmasked by ensemble averaging [12℄. The simplest event one an study at the sin-
gle ell level is that of the expression of a reporter gene suh as laZ and GFP. In
the former ase, the end produt is an enzyme β-galatosidase whih is apable of
2
hydrolyzing a nonolored substrate to a olored produt. In the latter ase, the pro-
tein itself is uoresent. Hene, the gene expression an be diretly studied either
olorimetrially or uorometrially at the level of an individual ell. Reent experi-
ments using suh tehniques, provide evidene that gene expression ours in abrupt
stohasti bursts at the level of an individual ell [13, 14, 15℄. Two very reent experi-
ments [16, 17℄ provide diret evidene of stohastiity in gene expression. In both the
experiments, a quantitative measure of the noise assoiated with gene expression has
been obtained. The noise has both intrinsi and extrinsi omponents. Intrinsi noise
is the dierene in protein synthesis whih arises when two idential opies of a gene
are expressed under the same onditions. Extrinsi noise ours due to utuations
in the ellular omponents required for gene expression. The experiments provide a
quantitative framework for the haraterization of noise in gene regulatory networks.
Some earlier experiments on both prokaryoti and eukaryoti ells have provided
evidene of the so-alled all or none phenomenon in gene expression [13, 14, 15,
18, 19, 20, 23℄. This implies that in an individual ell, gene expression is either
low/o or has a high value. In an ensemble of ells the protein levels are distributed
in a bimodal manner, a large fration of ells synthesize proteins at a low (may be
zero) level or produe them at a high level. Most of the experiments require the
presene of induers/enhaners to observe bimodality. There is strong experimental
evidene that induer/enhaners inrease the number of expressing ells but not the
level of expression per ell [21℄. The proess of gene expression is analogous to a
binary swith whih an be in on and o positions. Induer/enhaner moleules
make it favorable for the swith to be in the on position. Some theories have been
proposed so far to explain the so-alled all or none phenomenon in prokaryoti gene
expression. The theories are mostly based on an autoatalyti feedbak mehanism
[18, 19, 20, 24℄, synthesis of the gene produt gives rise to the transport or prodution
of induer moleules whih in turn promote further gene expression. In setion II of
this paper, we propose a model of gene expression and show that in the presene of
a suient number of induer moleules in a ell, gene expression in that ell ours
at a high level. In ells where induer moleules are absent or are few in number,
gene expression ours at pratially zero level. The role of autoatalysis in the
all or none phenomenon is also ommented upon. The method employed for the
study is that of stohasti simulation based on the Gillespie Algorithm (GA) [25℄.
The GA provides a stohasti realization of the temporal pattern of gene expression
and is more realisti and aurate than the deterministi dierential rate equation
approah. Our model of gene expression inludes the major biohemial reations
involved in transription and translation. In setion III, we explore the parameter
spae of the model and obtain dierent temporal patterns of gene expression. One
parameter region of partiular interest orresponds to stohasti ips between the
states 1 and 2 at random time intervals. In state 1, the protein level is zero. This is
an example of a binary swith whih makes stohasti transitions between the states
1 and 2 and the temporal proess is analogous to a two-state jump phenomenon. The
eet of hanging the reation parameters on the temporal patterns of gene expression
is further studied. Some of the results an be understood in the framework of a simple
mathematial model.
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II. Stohasti model of gene expression
We onsider a single gene. The gene is transribed into mRNA by an enzyme alled
RNA polymerase (RNAP). The proess is initiated with the binding of RNAP to a site
alled promoter, usually near the beginning of the transribed sequene. Expression
of most genes are regulated at the level of transription and more speially during
the initiation of transription, that is, before the rst phosphodiester bond is formed.
Regulation of transription initiation is ahieved by the binding of a regulatory protein
(R) to an overlapping segment of DNA (alled operator O) resulting in a turning o of
mRNA prodution. RNAP and the regulatory R moleules are mutually exlusive. If
RNAP binds to the promoter region rst, it prevents the binding of R to the operator
region and vie versa. An induer moleule (I) may bind to R both when R is free
and when R is bound to the operator O. In the later ase, the omplex of I and R
detahes from the operator. As long as R is forming a bound omplex with I, it is
unable to bind at O and so annot funtion as a regulatory protein. R regains its
ativity when the induer dissoiates from the I_R omplex and R is able to oupy
the operator region one more. The biohemial reations onsidered in the model of
gene expression are:
Reation 1:
O+ R = O−R (1)
Regulatory moleule R binds to the operator region O to form the bound omplex
O−R.
Reation 2:
O−R→ O+ R (2)
Bound omplex O_R dissoiates into free R and O.
Reation 3:
P + RNAP = P−RNAPcc (3)
RNA polymerase (RNAP) binds to the promoter region P forming the losed omplex
P_RNAPcc.
Reation 4:
P−RNAPcc → P+ RNAP (4)
The losed omplex dissoiates into free RNAP and P.
Reation 5:
P−RNAPcc → P−RNAPoc (5)
Isomerization of losed to open omplex P_RNAPoc ours. The open omplex is the
ativated form of the RNAP-promoter omplex.
Reation 6:
P−RNAPoc → TrRNAP+ RBS + P (6)
RNAP lears the promoter region and synthesis of the mRNA hain starts. The
appearane of the ribosome binding site RBS ours at the beginning of the mRNA
hain. TrRNAP denotes transribing RNA polymerase.
Reation 7:
TrRNAP→ RNAP (7)
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RNAP ompletes transription and is released from DNA.
Reation 8:
RBS+ Ribosome→ RibRBS (8)
Ribosome binds to RBS and RibRBS denotes the bound omplex.
Reation 9:
RibRBS→ RBS+ Ribosome (9)
Ribosome dissoiates from the bound omplex RibRBS.
Reation 10:
RBS→ degradation (10)
RBS degrades due to the binding of RNAseE at RBS. This binding event is not
onsidered separately.
Reation 11:
RibRBS→ EIRib+ RBS (11)
RBS is leared and the ribosome EIRib initiates translation of mRNA hain.
Reation 12:
EIRib→ protein (12)
Protein synthesis by transribing ribosome is ompleted.
Reation 13:
protein→ degradation (13)
Degradation of protein produt ours.
Reation 14:
I+ R→ I−R (14)
Induer moleule binds to free regulatory moleule R. I_R is the bound omplex of
I and R.
Reation 15:
I−R→ I+ R (15)
Bound omplex dissoiates into free I and R.
Reation 16:
O−R+ I→ I−R+O (16)
Induer binds to bound omplex O−R, the omplex I−R detahes and the operator
region O is freed. We emphasize that for many of the steps desribed above, alternate
mehanisms exist. However, the mehanism desribed here is onsistent with many
gene regulatory systems.
Reation shemes (1) - (13) are based on those onsidered in Refs.[4, 9℄. Tran-
sription and translation are tightly oupled in prokaryotes. As soon as RNAP leaves
the promoter region, the 5
′
end of the mRNA hain, ontaining the RBS, is available
for ribosome binding (Reation 6). This implies that the mRNA hain need not be
ompletely synthesized to allow for ribosome binding (Reation 8), protein synthesis
by translating ribosome (Reation 12) and mRNA degradation at RBS (Reation 10).
Following Ref.[9℄, the number of mRNA moleules at any instant of time is given by
the sum of the numbers of RBS and RibRBS, the bound omplex of ribosome and
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RBS. The funtional degradation of mRNA starts at the moment RNAseE binds to
the RBS.
We now give a brief desription of the Gillespie Algorithm (GA) [25℄. Suppose
there are N hemial speies partiipating in M hemial reations. Let X(i), i = 1,
2, 3 . . . . , N denote the number of moleules of the i th hemial speies. Given
the values of X(i), i = 1, 2, 3, . . . , N at a time t, the GA is designed to answer two
questions: (1) when will the next reation our? and (2) what type of reation will
it be? Let the next reation our at time t+τ . Knowing the type of reation, one
an adjust the numbers of partiipating moleules in aordane with the reation
shemes. Thus, with repeated appliations of the GA, one an keep trak of how the
numbers X(i)'s hange as a funtion of time due to the ourrene of M dierent types
of hemial reations. Eah reation µ (µ = 1, 2, . . . , M) has a stohasti rate
onstant cµ assoiated with it. This rate onstant has the following interpretation:
cµdt = probability that a partiular ombination of reatant moleules partiipates
in the µ th reation in the innitesimal time interval (t, t+dt). Let hµ be the number
of distint moleular ombinations for the µ th reation. Then
aµdt=hµcµdt = probability that the µ th reation ours in the innitesimal time
interval (t, t+ dt).
Let P(τ ,µ) dτ be the probability that the next reation is of type µ and ours in the
time interval (t+ τ , t+τ + dτ). It is straightforward to show that
P(τ, µ) = aµ exp(−a0τ) (17)
where
a0 =
M∑
ν=1
aν ≡
M∑
ν=1
hνcν (18)
What is needed now is to generate a random pair (τ ,µ) aording to the probability
distribution (17). Let r1 and r2 be two random numbers obtained by invoking the
standard unit interval uniform random number generator. One an then show that τ
and µ are obtained as
τ = (
1
a0
) ln(
1
r1
) (19)
and µ is taken to be the integer for whih
µ−1∑
ν=1
aν < r2a0 ≤
µ∑
ν=1
aν (20)
A rigorous proof of the formulae (19) - (20) is given in Ref.[25℄. One τ and µ
are known, the time evolution of the reating system is speied. The stohasti rate
onstant cµ is related to the more familiar deterministi reation rate onstant kµ
through simple relations. In the ase of rst order reations, both onstants have the
same value. In the ase of seond order reations, the rate onstant is divided by
the volume of the system. We have applied the GA to our model of gene expression
involving N = 15 types of biomoleules partiipating in M = 16 biohemial reations.
In the initial state (time t=0), the number of free operator and promoter sites is 1.
The number of R, I, RNAP, and ribosome moleules is NR = 20, NI = 20, NRNAP =
6
400 and NRib = 350 respetively. The number of all the other biomoleules is set to
zero at t = 0. The simulation time is up to 2000s, i.e., less than the ell generation
time typially in the range 2000-3000s. As already mentioned, knowledge of τ and
µ enables one to alulate the numbers of biomoleules at time t+τ and in this way,
through repeated appliations of the GA, one an keep trak of how the dierent
numbers hange as a funtion of time. Fig.1 shows the number of protein moleules
present in the system as a funtion of time. The stohasti rate onstants of the
sixteen reations are 1 = 0.5, 2 = 0.004, 3 = 0.02, 4 = 0.001, 5 = 0.8, 6 = 0.9,
7 = 0.08, 8 = 0.01, 9 = 0.001, 10 = 0.3, 11 = 0.8, 12 = 0.7, 13 = 0.003, 14 =
0.7, 15 = 0.001 and 16 = 0.3 respetively. The topmost urve orresponding to NI
shows that the protein number reahes a steady level with utuations around the
mean. The dashed urve at the bottom of the gure shows the number of proteins as
a funtion of time when the number of induer moleules NI (=3) is muh less than
NR. The protein number in this ase is very small, pratially zero. The other urves
orresponds to values of NI loser to NR. As NI approahes NR, protein levels are
intermediate between high and low. Figure 2 shows the number of protein moleules
as a funtion of time in a dierent parameter region.
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FIG. 1. No. of protein moleules as a funtion of time. The stohasti rate onstants
are c1 = 0.5, c2 = 0.004, c3 = 0.02, c4 = 0.001, c5 = 0.8, c6 = 0.9, c7 = 0.08,
c8 = 0.01, c9 = 0.001, c10 = 0.3, c11 = 0.8, c12 = 0.7, c13 = 0.003, c14 = 0.7,
c15 = 0.001, c16 = 0.3; NR = 20, NRNAP = 400 and NRib = 350.
The all or none phenomenon has been observed in both prokaryoti and eukary-
oti ells. In prokaryotes, genes are often arranged in operons,i.e, sets of ontiguous
genes whih inlude strutural and regulatory sequenes. A well-known example is
that of the E. oli latose (la) operon [1℄. La operon onsists of three strutural
genes (z, y and a) whih ode for the three proteins: β-galatosidase, the enzyme
that atalyzes the hydrolysis of latose to gluose and galatose; permease, a arrier
protein responsible for membrane transport of latose into the ell and a third protein
transaetylase. The la operon ontains three regulatory sequenes, i, P and O, whih
ontrol the transription of mRNA leading to the synthesis of the three proteins. The
sequene i orresponds to a gene laI whih is transribed ontinuously to synthesize
a repressor protein, la repressor, at a low level. La repressor binds to the operator
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FIG. 2. No. of protein moleules as a funtion of time. The stohasti rate onstants
are the same as in Fig. 1 exept that c1 = 0.35 and c14 = 0.3.
sequene O and prevents the transription of the genes z, y and a so that the β-
galatosidase enzyme and the permease moleules are not produed. If the baterium
is to grow on latose (milk sugar) whih ats as its arbon soure, β-galatosidase
must be made available to split the sugar into gluose and galatose. The breakdown
produt of latose at as an induer moleule. The induer attahes to the repressor
moleule, ausing it to release the DNA so that transription of the strutural gene is
possible. The repressor is freed of the induer when the latose supply is exhausted
and swithes o the expression of the strutural genes one more. Our simple model
of gene expression inorporates some of the key features of the la operon. The role
of the la repressor is played by the regulatory moleule R though its synthesis is not
expliitly onsidered. There is a single gene in our model analogous to the strutural
gene z expressing the enzyme β-galatosidase. The induer moleule I ats in the
same manner as in the ase of the la operon.
The experimental observation of the all-or-none phenomenon in the la operon
has been attributed to autoatalyti feedbak mehanisms [18, 19, 24℄. At low induer
onentrations, some of the baterial ells synthesize protein at the full rate whereas
the other ells are in the o state. When induer is added to the olony of baterial
ells, simultaneous prodution of the β-galatosidase enzyme and permease moleules
ours. The permease moleules transport latose into the ell raising the internal
induer onentration whih in turn promotes the prodution of more β-galatosidase
and permease. Thus an autoatalyti feedbak proess is at work and within a short
time after the appearane of the rst permease moleules, the baterial ell beomes
fully indued synthesizing the strutural proteins at maximum rate. Siegele and Hu
[20℄ arried out experiments on gene expression from plasmids ontaining the araBAD
promoter in the presene of subsaturating onentrations of the induer arabinose.
Again, as in the ase of the la operon, it has been suggested that an autoatalyti
indution mehanism, due to the aumulation of induer moleules by transport, is
at work. However in all the experiments, full indution of ells has been observed even
in the absene of autoatalysis, i.e., when the induer availability is not linked to that
of synthesized protein moleules like permease. Our model of gene expression does
not inlude an autoatalyti feedbak proess and a detailed analysis of the simulation
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results shows that if the number of induer (I) moleules, NI , is greater than or equal
to the number of regulatory (R) moleules, NR, in a ell, the ell reahes a steady
state whih is state 2 (high protein level). If NI= 0 or ≪ NR, the ell is in state 1
(low/zero level) but as NI approahes NR , protein levels intermediate between high
and low are obtained. The all or none phenomenon beomes more pronouned in
the presene of the autoatalyti indution (AI) mehanism. If NI is originally small
in a ell, the AI mehanism leads to a rapid inrease in NI . When NI is ≥ NR, the
ell is in state 2 in the steady state. The magnitude of the protein level in state 2 is
independent of the value of NI in agreement with experimental results. Autoatalysis
is responsible for a sharp bimodal distribution in protein levels. In the absene of
autoatalysis, the magnitude of the protein level in state 2 is the same as in the ase
of autoatalysis but the bimodal distribution beome less sharp due to intermediate
protein levels in a fration of ells. Our simulation results are in agreement with
experimental observations [18, 19, 20℄. Experiments [13, 14, 15℄ on single mammalian
ells (eukaryoti ells) have provided further evidene of bimodality in the distribution
of protein levels in an ensemble of ells. Again, one nds that the amount of enhaner
aets the number of expressing ells but not the level of expression. In other words,
the enhaner inreases the probability rather than the rate of transription. In the
experiments arried out by Zlokarnik et al. [13℄, the reporter gene synthesizes the
protein β-galatosidase. In unstimulared ells, the number of these proteins is low,
in the range 150 - 300. Under the ation of the stimulating agent arbahol, rapid
onversion to a state, in whih 15000 - 20000 β-latonase moleules are present in
a ell, is obtained. The major onlusion of the single ell experiments mentioned
above is that in the systems onsidered, the ellular state is bistable. A ell an
exist in two stable steady states: gene expression o/low and gene expression on
with a high level of protein prodution. Addition of induer/enhaner to the system
inreases the fration of ells in the high state. In the ase of eukaryoti systems,
however, the mehanism of enhaner ation is not well understood. Enhaners have
been suggested to give rise to two major types of response. Enhaners inrease the
rate of transription through mainly enhaning the rate of lose to open omplex
formation of RNAP bound to the promoter region [26℄. The seond type of response
is of the all or none type [21, 23℄. Enhaners in this ase do not inrease the rate
of transription but inrease the fration of ells in the high state (state 2). The all
or none phenomenon observed in some eukaryoti systems [13, 14, 15, 21℄ dose not
involve autoatalysis expliitly. Thus, a more general mehanism than in the ase of
prokaryoti systems is required to explain the bimodal distributions in protein levels
in an ensemble of ells.
III. Patterns of gene expression
We now onsider the model of gene expression in the absene of induer moleules.
The values of M, the total number of reations and N, the number of dierent types
of biomoleules, are both thirteen. To explore the full parameter spae, one has
to treat the thirteen stohasti rate onstants orresponding to the same number
of reations as variables. Experimental results wherever they are available, show
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that the usual rate onstants, kµ's, to whih the stohasti rate onstants cµ's are
related, an vary over a wide range depending on the type of gene and the nature of
the ellular environment [26℄. Sine the exploration of the full parameter spae is a
daunting task, we report on some of the more general patterns of gene expression in
a restrited subspae. The eet of hanging the stohasti rate onstants on spei
patterns is also studied. We have inluded an optional feature in our model of gene
expression, namely, ooperative binding of RNAP to the promoter region P. The
possibility of suh a binding has been suggested earlier in a simplied probabilisti
model of gene expression [27℄. In the present model, ooperative binding implies that
the rate onstant for the binding of RNAP at P is enhaned by a fator q if the
binding event is immediately preeded by the Reation 6 in whih a RNAP lears the
promoter region. Cooperative binding of proteins to DNA is now well established.
In most ases of regulatory proteins, the binding ooperativity is mediated through
protein-protein interation although inreasing evidene of DNA mediated eets have
been reported [28℄. Some reent experiments on the prokaryoti system E. oli have
shown that the transriptional ativity of the promoter is intrinsially sensitive to
the superhelial density of the DNA template [29, 30, 31, 32℄. In fat as pointed out
by MClure[26℄, superoiling gives rise to onsiderably more diversity in the patterns
of promoter strength (the ability to bind weakly or strongly) than do mutations of
auxiliary proteins. There is now experimental evidene that transription generates
inreased negative superoiling through several hundred base pairs[29, 30, 31, 32,
33℄. In priniple, this an failitate the binding of RNAP to the DNA or derease
the energy of ativation required for the isomerization of RNAP-promoter omplex
from losed to open form[33℄. Thus, it is entirely plausible and likely that ative
transription downstream of the promoter site may lead to inreased binding of RNAP
(ooperative binding) and enhaned rate of open omplex formation (stohasti rate
onstants c5).
We now desribe three major types of gene expression pattern as a funtion of
time. As before, the GA is applied to the system of thirteen biohemial reations
onstituting the proesses of transription, translation and the regulation thereof. In
the gene expression pattern designated as Type A, the protein prodution ours in
abrupt stohasti bursts. A variable number of proteins is produed in eah burst.
The type A pattern of gene expression has been observed experimentally[13, 14, 15℄
and has been attributed to stohasti eets. Figures 3 and 4 show two suh patterns
of protein prodution for q = 1 (no ooperative binding).
In the Type B pattern, the protein level reahes a steady state with utuations
around the mean (Figures 5 and 6). This type pattern is quite ommon and is
routinely observed in experiments.
The Type C pattern of gene expression has an interesting struture. As in the
ase of the Type A pattern, protein prodution ours in stohasti bursts, i.e., at
random time intervals. The bursts may be of various durations but in eah burst, the
protein number attains the same level (with attendant utuations) in a very short
time. Similarly, the deay of the protein level from high to zero ours in a small time
interval. Figures 7(a) and 7(b) show the patterns of mRNA and protein prodution
as a funtion of time. The number of regulatory (R) moleules (NR), RNAP (NRNAP )
and ribosome (NRib) is 10, 400 and 200 respetively.
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FIG. 3. No. of protein moleules as a funtion of time. The stohasti rate onstants
are c1 = 0.008, c2 = 0.004, c3 = 0.007, c4 = 0.001, c5 = c6 = 1, c7 = 0.4, c8 = 0.01,
c9 = 0.001, c10 = 0.1, c11 = c12 = 1, c13 = 0.03; NRNAP = 400, NR = 10 and
NRib = 200.
Time in sec
N
o.
 o
f p
ro
te
in
 m
ol
ec
ul
es
 0
 20
 40
 60
 80
 100
 120
 0  200  400  600  800  1000  1200  1400  1600  1800  2000
FIG. 4. No of protein moleules as a funtion of time. The stohasti rate onstants
are c1 = 0.008, c2 = 0.004, c3 = 0.08, c4 = 0.001, c5 = c6 = 1, c7 = 0.4, c8 = 0.01,
c9 = 0.001, c10 = 0.3, c11 = c12 = 1, c13 = 0.05; NRNAP = 400, NR = 10 and
NRib = 200.
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FIG. 5. No. of protein moleules as a funtion of time. The stohasti rate onstants
are c1 = 0.008, c2 = 0.004, c3 = 0.5, c4 = 0.001, c5 = c6 = 1, c7 = 0.4, c8 = 0.01,
c9 = 0.001, c10 = 0.01, c11 = c12 = 1, c13 = 0.005; NRNAP = 400, NR = 10 and
NRib = 200.
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FIG. 6. No. of protein moleules as a funtion of time. The stohasti rate onstants
and the other parameter values are the same as in Fig. 5 exept that c10 = 0.1, and
c13 = 0.002.
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FIG. 7. No. of mRNA (a) and protein (b) moleules as a funtion of time. The
stohasti rate onstants are c1 = 0.01, c2 = 0.004, c3 = 0.7, c4 = 0.001, c5 = c6 = 20,
c7 = 0.4, c8 = 0.01, c9 = 0.001, c10 = 0.2, c11 = c12 = 1, c13 = 0.08; NRNAP = 400,
NR = 10 and NRib = 200.
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We now disuss the physial origin of the Type C pattern. The stohasti rate
onstant 3 for RNAP binding (Reation 3) is onsiderably higher than that of the
binding of R at the operator site O (Reation 1). The initial number of RNAP
moleules is also larger than that of R moleules. As explained in setion II, aµdt
= hµcµdt is the probability that the µ th reation ours in the innitesimal time
interval (t , t + dt ). The number of distint moleular ombinations hµ for the µ
th reation is 10 and 400 for the Reations 1 and 3 respetively. The orresponding
stohasti rate onstants have the values 1= 0.01 and 3 = 0.7. Thus, Reation 3 is
more probable than Reation 1. Note that the stohasti rate onstants 5 , 6 are
onsiderably high. Reations 5 and 6 are assoiated with the transription proess,
namely, isomerization of the losed omplex of RNAP bound to the promoter region
P to the open omplex and subsequent learane of the promoter region by RNAP.
After the binding of a RNAP to P, a host of fators inluding high values of some
of the relevant rate onstants, leads to a sharp rise in the number of proteins to a
level determined by the transription, translation and protein degradation rates. The
protein level is maintained over a time interval due to the balaning of the rates of
synthesis and degradation. Binding of the R moleule to O, though less probable
than that of RNAP at P, an our with a nite probability. One the R moleule is
bound to O, it ontinues to remain bound for some time as the dissoiation rate (2
= 0.004) is low. This prevents the binding of a RNAP to P during the time interval
in whih R stays bound to O, leading to a sharp fall in the number of proteins to
zero. The subsequent dissoiation of the R moleule from the operator O, followed by
the binding of a RNAP to the promoter region P, tilts the balane in favour of state
2. The ellular state thus ips from state 1 (no. of proteins zero) to state 2 (no. of
proteins high) and vie versa at random time intervals ditated by stohasti binding
and dissoiation events at O. In setion II, we have disussed a bimodal distribution
in protein levels due to the all or none phenomenon in an ensemble of ells. In
the present ase, a bimodal distribution in protein levels is obtained in an ensemble
of ells if protein levels are measured at partiular instant of time. The heights and
widths of the two peaks may hange as a funtion of time but the distribution remains
bimodal.
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FIG. 8. Distribution of the no. N(m) of ells expressing fration m of the average
number of proteins. The total number of ells is 1000. The stohasti rate onstants
are the same as in Fig. 7.
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FIG. 9. No. of protein moleules as a funtion of time. The stohasti rate onstants
are c1 = 0.008, c2 = 0.004, c3 = 0.04, c4 = 0.001, c5 = c6 = 1, c7 = 0.4, c8 = 0.01,
c9 = 0.001, c10 = 0.1, c11 = c12 = 1, c13 = 0.03; NRNAP = 400, NR = 10 and
NRib = 200.
Figure 8 shows the distribution of the number N(m) of ells expressing a fration
m of the average number of proteins at a partiular instant of time. The total number
of ells is 1000. The values of the stohasti rate onstants are the same as in Figs.
7(a) and 7(b). Type C pattern of gene expression is also obtained for lower values of
c5 and c6 (Fig. 9) though better quality patterns are obtained for high values of the
rate onstants. Figures 10(a) and 10(b) show the temporal variations of the mRNA
and protein numbers with stohasti rate onstants the same as in Figs. 7(a) and
7(b) but the enhanement fator q, assoiated with ooperative RNAP binding, has
been raised from 1 to 10. Comparing the two sets of Figures, one onludes that
ooperativity inreases the duration of state 2 (high level). The magnitude of the
mean level remains unhanged. In an ensemble of ells, a greater fration of ells is
in state 2 than in the earlier ase. The origin and nature of bimodal distribution in
protein levels are dierent for the model system onsidered in setion II and the type
C pattern of gene expression. In the latter ase, no autoatalyti feedbak is neessary
to obtain a bimodal distribution. Positive (autoatalyti) feedbak mehanism has
been invoked to explain the all-or-none phenomenon in prokaryoti[18, 19, 20℄ and
eukaryoti[23℄systems. Experimental reports of the phenomenon in some eukaryoti
systems[13, 14, 15℄ suggest that autoatalyti (positive) feedbak is not essential for
the obsevane of the phenomenon. In these systems, ativation to the high protein
level is enhaner mediated. The origin of bimodal distribution in protein levels is,
however, yet to be eluidated. Figure 11 shows the number of proteins (solid line)
and mRNA moleules (dotted line) as a funtion of time to make a simultaneous
omparison of the rise and deay of protein and mRNA levels.Note that after the
number of mRNA moleules beome zero, there is a time delay before the number of
proteins falls to zero. Even when there are no mRNA moleules in the system, some
proteins remain whih degrade to zero level at a deay rate lower than that of the
mRNA moleules. In Fig. 12, a pattern of gene expression is shown in whih the
protein number never falls to zero and a variable number of proteins is synthesized
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FIG. 10. No. of mRNA (a) and protein (b) moleules as a funtion of time. The
stohasti rate onstants are c1 = 0.01, c2 = 0.004, c3 = 0.7, c4 = 0.001, c5 = c6 = 20,
c7 = 0.4, c8 = 0.01, c9 = 0.001, c10 = 0.2, c11 = c12 = 1, c13 = 0.08; NRNAP = 400,
NR = 10, NRib = 200 and q = 10.
as a funtion of time.
We have further heked how robust pattern C ( the gene expression pattern shown
in Figure 7) is when the dierent stohasti parameters are hanged.
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FIG. 11. No. of protein and mRNA moleules as a funtion of time. The stohasti
rate onstants are c1 = 0.01, c2 = 0.004, c3 = 0.5, c4 = 0.001, c5 = c6 = 20, c7 = 0.4,
c8 = 0.01, c9 = 0.001, c10 = 0.2, c11 = c12 = 1, c13 = 0.08; NRNAP = 400, NR = 10,
NRib = 200.
We hange one parameter at a time keeping all the other parameter values the
same as in Fig. 7. As 1 dereases from 0.01 (1 = 0.01 in Fig. 7), the duration of
state 2 inreases and ultimately state 2 beomes the steady state (Figs. 13(a) and
13(b)), i.e., a Type B pattern is obtained. As 1 inreases from 0.01, the Type C
pattern is still obtained (Fig. 13(), 1 = 0.02) but for higher 1 values, say, 1 =
0.03, the pattern of gene expression beomes of Type A (Fig. 13(d)). If 2 is varied,
then as 2 dereases from 0.004 (Fig. 7), the total duration of state 2, for t in the
range 0 - 2000s, dereases (Fig. 13(e) with 2 = 0.008). If 4 is varied, one nds that
the Type C pattern of gene expression is obtained over a wide range of values. The
greater the values of 5 and 6 , the higher is the level of proteins attained in state
2. The best Type C patterns are obtained if the values of 5 and 6 are high. Figs.
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FIG. 12. No. of protein moleules as a funtion of time. The stohasti rate onstants
are c1 = 0.008, c2 = 0.004, c3 = 0.08, c4 = 0.001, c5 = c6 = 1, c7 = 0.4, c8 = 0.01,
c9 = 0.001, c10 = 0.1, c11 = c12 = 1, c13 = 0.03; NRNAP = 400, NR = 10, NRib = 200.
13(f) and 13(g) orrespond to 5= 2, 6 = 20 and 5= 20, 6 = 2 respetively. If 7
is varied, the Type C pattern is obtained over a wide range of values. If 8 inreases
from the value 0.01 (Fig. 7), Type C pattern beomes Type A (Fig. 13(h), 8 =
0.015). If 8 dereases from the value 0.01, the total duration of state 2 inreases(Fig.
13(i)). If 10 dereases from the value 0.2 (Fig. 7), the Type C pattern is lost (Fig.
13(j), 10 = 0.1). If 10 inreases from 0.2 the Type C pattern is obtained over a wide
range of values of 10. The best type of Type C pattern is obtained for similar values
of 11 and 12.
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FIG. 13(a). No. of protein moleules as
a funtion of time. The stohasti rate
onstants are c1 = 0.002, c2 = 0.004, c3 =
0.7, c4 = 0.001, c5 = c6 = 20, c7 = 0.4,
c8 = 0.01, c9 = 0.001, c10 = 0.2, c11 =
c12 = 1, c13 = 0.08; NRNAP = 400, NR =
10 and NRib = 200. The stohasti rate
onstants and the other parameter values
are the same as in Fig. 7 exept that c1 =
0.002.
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FIG. 13(b). No. of protein moleules as
a funtion of time. The stohasti rate
onstants and the other parameter values
are the same as in Fig. 13(a) exept that
c1 = 0.0008.
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FIG. 13(). No. of protein moleules as
a funtion of time. The stohasti rate
onstants and the other parameter values
are the same as in Fig. 13(a) exept that
c1 = 0.02.
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FIG. 13(d). No. of protein moleules as
a funtion of time. The stohasti rate
onstants and the other parameter values
are the same as in Fig. 13(a) exept that
c1 = 0.03.
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FIG. 13(e). No. of protein moleules as
a funtion of time. The stohasti rate
onstants and the other parameter values
are the same as in Fig. 7 exept that c2 =
0.008.
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FIG. 13(f). No. of protein moleules as
a funtion of time. The stohasti rate
onstants and the other parameter values
are the same as in Fig. 7 exept that c5 =
2 and c6 = 20.
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FIG. 13(g). No. of protein moleules as
a funtion of time. The stohasti rate
onstants and the other parameter values
are the same as in Fig. 13(f) exept that
c5 = 20 and c6 = 2.
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FIG. 13(h). No. of protein moleules as
a funtion of time. The stohasti rate
onstants and the other parameter values
are the same as in Fig. 7 exept that c8 =
0.015.
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FIG. 13(i). No. of protein moleules as
a funtion of time. The stohasti rate
onstants and the other parameter values
are the same as in Fig. 7 exept that c8 =
0.004.
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FIG. 13(j). No. of protein moleules as
a funtion of time. The stohasti rate
onstants and the other parameter values
are the same as in Fig. 7 exept that c10 =
0.1.
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We have also studied the eet of hanging the number NR, NRNAP and NRib of
R, RNAP and ribosome moleules respetively. As NR inreases from 10 (Fig. 7), the
Type C pattern is gradually lost. Reduing NR inreases the total duration of state
2. IfNR= 0, state 2 beomes the steady state. If NRNAP is redued from 400 (Fig. 7)
the Type C pattern worsens gradually. If NRNAP inreases beyond 400, the Type C
pattern is still obtained. The magnitude of the protein level in state 2 remains more
or less the same. If NRib dereases from 200, the total duration of state 2 inreases.
Some general onlusions that an be made, on the basis of the stohasti simula-
tion of gene expression patterns, are as follows. The protein level attained in state 2
is not aeted by hanges in the rate onstants 1, 2, 4, 7, 11, 12 and the enhane-
ment fator q. The rate onstants 5, 6, 8, 10 and 13 determine the magnitude of
the protein level. If 1 dereases and 2 inreases, the total duration T of state 2 in
the time interval 0-2000s inreases. Transition from Type C −→Type B an our by
dereasing 1(Fig. 13(b)), inreasing q and by making the values of 5 and 6 unequal
(Fig. 13(g)). Transition from Type C −→ Type A pattern an our by inreasing
1 (Fig. 13(d)), 8 (Fig. 13(h)) or by dereasing 10 (Fig.13(j)). Type C patterns are
favourable for high values of 5 and 6 with 5≃ 6 and also 11 ≃ 12.
Kepler and Elston[8℄ have proposed a simple mathematial model of gene expres-
sion with no feedbak. In their model, if an ativator moleule oupies the operator
region, protein prodution ours at a rate α1. If the operator is unoupied by the
ativator moleule, protein prodution ours at a lower rate α0. The model does
not inlude the intermediate steps of protein synthesis like transription, ribosome
binding for the initiation of translation et. The model, however, provides lots of
physial insight on stohasti eets in the form of utuations in the disrete states
of the operator (unoupied/oupied) on gene expression. Chemial reations that
hange the state of the operator are termed operator utuations.Approximations to
the dynamis were made for the ases in whih the protein number is large or the
operator utuations are fast. In the rst ase, the eetive rate of protein synthesis
utuates randomly in time between high (synthesis rate α1) and low (synthesis rate
α0) levels. In the latter ase, the utuations are eetively averaged out over larger
time sales. In our model, the major biohemial reations/events in protein synthe-
sis have been inluded and instead of ativators we have regulatory moleules whih
at as repressors. The simulation based on GA provides an aurate knowledge of
the mirosopi origins of the dierent types of temporal gene expression patterns.
A simple mathematial model provides insight on the origin of dierent patterns and
transition from one type pattern to another. Let m denote the number of proteins at
time t devided by the maximum number of proteins. The equation
dm
dt
= x−m (21)
desribes the rate of hange in the number of proteins. The possible values of x are
0 and 1 so that in the steady state m an be either 1 (high level, state 2) or 0 (low
level, state 1). The variable x randomly swithes between the two states and the
transition rate from state 1 → state 2 is r1 and that from state 2 → state 1 is r2.
Let Pj(m = M, t), j = 1, 2, be the probabilities of being in the state j. One an then
write down the master equations[34℄
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∂P0
∂t
= −
∂(−MP0)
∂t
− r1P0 + r2P1 (22)
∂P1
∂t
= −
∂((1 −M)P1)
∂t
− r2P1 + r1P0 (23)
The steady state distribution of P (m, t) = P0(m, t) + P1(m, t) is given by
P (m = M) = AM r1−1(1−M)r2−1 (24)
where A is the normalization onstant. Figs. 14(a), (b) and () show the distribution
P (m) versus m for dierent values of r1 and r2. The distribution in Fig. 14(a)
orresponds to the Type C pattern of gene expression (the magnitude of the high
protein level in state 2 is normalized to the value 1) in the steady state and is bimodal
in nature. Fig. 14(b) desribes the Type B pattern of gene expression and there
is a single peak orresponding to the steady state level, the magnitude of whih is
normalized to 1. Fig. 14() shows a broad distribution in protein levels. Fig. 12 shows
a pattern of gene expression based on simulation of the detailed model whih gives
rise to a probability distribution of protein levels similar to that shown in Fig. 14().
The transition rates r1 and r2 are funtions of the dierent stohasti rate onstants
though the atual funtional relationship is yet to be worked out. The rate r1 depends
dominantly on c2, c5, c6, c8 and c10 whereas the rate r2 is mainly determined by c1
and c13. The simple model illustrates how the dierent probability distributions arise
and the transition from one type to another ours as the transition rates r1 and
r2 are hanged. For slow transition rates, the states 1 and 2 an be distinguished
and the probability distribution P (m) is bimodal. For fast transition rates, m has
values intermediate between 0 and 1 and the bimodality is smeared into a single
broad distribution. For large r1 and small r2, the peak is around the high value 1.
The transitions from one type of probability distribution to another as r1 and r2 are
varied are onsistent with the hanges in the nature of the temporal patterns of gene
expression (Figs.12 and 13), brought about by hanges in the various stohasti rate
onstants on whih the transition rates r1 and r2 of the simpler model depend.
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FIG. 14(a). Distribution of P (m) as a funtion of m for r1 = 0.1, and r2 = 0.01.
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FIG. 14(b). Distribution of P (m) as a funtion of m for r1 = 2.0, and r2 = 0.2.
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FIG. 14(). Distribution of P (m) as a funtion of m for r1 = 1.3, and r2 = 1.01.
IV. Conluding remarks
In this paper, we have onsidered two models of gene expression in a single ell.
In the rst model, the eet of induer moleules is expliitly onsidered and the
ellular kinetis are desribed by a set of sixteen biohemial reations. In the seond
model, the ellular kinetis are desribed by a set of thirteen biohemial reations.
Both the models inlude the basi steps of transription and translation as well as
transriptional regulation through the binding of a regulatory moleule R to the
operator region, with R ating as a repressor of transription. Additionally, in the
seond model a transriptionally generated ooperativity fator q in the binding of
RNAP has been introdued as an optional feature. The patterns of gene expression as
a funtion of time have been determined in both the models with the highly aurate
stohasti simulation method based on the Gillespie Algorithm. Analyti approahes
[8, 9, 10, 11℄ are possible in studying the temporal evolution but in these ases the
detailed biohemial reations are lumped together into a few eetive proesses. This
makes it possible to determine the temporal evolution of the system in a hemial
Master Equation approah whih is stohasti in nature. Alternatively, the eet
of stohastiity an be taken into aount by the inlusion of noise terms in the
dierential rate equations. The GA provides a more detailed piture of the kinetis
though the omputational eorts required in its implementation are onsiderable. In
setion II, we have studied gene expression in the presene of induer moleules. The
major result of this study is that when the number of induer moleules, NI , is greater
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than or equal to the number of regulatory moleules, NR, the ellular steady state
is state 2 in whih the proteins are synthesized at a high level. When NI ≪ NR ,
the ellular state is state 1 in whih the protein level is low/zero. As NI approahes
NR, protein prodution ours at intermediate levels. Fig.1 provides an example of
how drasti the eet of even a single moleule an be on gene expression. There
is a onsiderable dierene of protein levels attained in the steady state when NI is
hanged from 19 to 20. This single moleule eet an be observed over a wide region
of parameter spae and may give rise to threshold phenomena. These results are new
and have not been reported earlier. MAdams and Arkin[2℄ have pointed out that
even a single moleule an swith the biohemial state of a ell. Togashi and Kaneko
[35℄ have studied an autoatalyti reation system with a small number of moleules
and shown that due to the nonlinear dynamis, ampliation of small hanges an
give rise to single moleule swithes.
The results of our simulation explain why an autoatalyti indution mehanism
gives rise to the all-or-none phenomenon observed in ells in the presene of induer
moleules[18, 19, 20℄. Due to autoatalyti indution, the small number of induer
moleules initially present in a ell is quikly amplied so that the ondition NI ≥ NR
is satised in a short interval of time. The ell then exists in state 2 with a high protein
level. Other ells in whih NI is zero exist in state 1 with zero protein level. In the
presene of a subsaturating onentration of induer moleules, the distribution of
protein levels in an ensemble of ells is bimodal. In the absene of autoatalyti
indution, protein prodution ours at low, high as well as at intermediate levels
so that the bimodal distribution gets smeared. This is in keeping with experimental
observations.
The model studied in setion III does not inlude induer moleules. Simulation
based on the GA shows the existene of three types of pattern of gene expression
as a funtion of time. In the Type A pattern, protein synthesis ours in abrupt
stohasti bursts and a variable number of protein is produed in eah burst. There
is onsiderable experimental evidene [13, 14, 15℄ for this type of gene expression and
in setion III, some examples of this type of pattern have been given (Figs.3 and 4).
In Type B pattern, protein levels reah a steady state (Figs. 5 and 6). This is very
ommon type of pattern observed in gene expression experiments.
In the Type C pattern (Fig. 7), the ellular state makes random transitions be-
tween states 1 and 2 . This is a dierent manifestation of the all or none phenomenon
and measurement levels in an ensemble of ells is bimodal (Fig. 8). Type C patterns
of gene expression have been obtained by Kepler and Elston [8℄ in their study of
model gene expression systems (see Fig. 4 of Ref. [8℄) using the Master Equation
Approah. In these models detailed biohemial reations have been replaed by a
few eetive proesses so that the models are mathematially tratable. Kepler et
al. have speially onsidered the eet of utuations in the state of the opera-
tor on gene expression. Their onlusion is that the operator utuations an indue
bistability in parameter regions whih gives rise to monostability in the deterministi,
i.e., the zero noise limit or destroy bistability if it exists in the noise-free ase. In
the deterministially bistable region, the gene ats like a geneti swith and external
noise/perturbation is needed to ip the swith from one state to the other. This is the
priniple of operation behind the noise-based swithes and ampliers for gene expres-
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sion proposed by Hasty et al [11℄. If a system is stohstially bistable, the utuations
in the system ip the swith between the two states (say, state 1 and state 2) at ran-
dom time intervals. As in Ref. [8℄, the operator utuations have been expliitly
onsidered in the models studied in Setions II and III and it has been shown that in
ertain parameter regimes, stohastially bistable behaviour orresponding to Type
C pattern of gene expression is obtained. Our stohasti simulation results, obtained
by using the highly aurate Gillespie Algorithm, provide a mirosopi basis as well
as quantitative estimates of the dierent rate onstants for obtaining Type C pattern
of gene expression. The simulation method an be used to study a large number of
reations whih is not feasible in the formalism of a mathematial model. The signif-
iant omission in Ref. [8℄ is that no distintion has been made between transription
and translation. The models desribe diret translation from gene into protein. As
pointed out in the paper, the simpliation may have onsiderable impat on ellular
phenomena. For example, the syntheti repressilator network [6℄ would not osillate
if a time delay between transription and translation were absent. In our model of
gene expression, all the major biohemial reations involved in transription and
translation have been expliitly taken into aount and the time delay is learly seen
in Fig. 11. There is some experimental evidene [29, 30, 31, 32℄ of transriptionally
generated ooperative binding of RNAP to the promoter region. For non-zero valus of
the ooperativity fator q in our model the duration of state two (high protein level)
is found to inrease. The result is new and the eet of ooperative RNAP binding
on gene expression needs to be investigated in greater detail.
We have further studied the eet of hanging the various stohasti rate on-
stants on the temporal pattern of gene expression. Transitions involving Type C →
Type B and Type C → Type A patterns of gene expression have been obtained by
hanging appropriate stohasti rate onstants. These transitions an be understood
in the framework of a simple mathematial model whih does not inlude the detailed
biohemial reations. The model desribes a simple gene expression system in whih
random transitions our between states 1 and 2, orresponding to low and high lev-
els of protein prodution. The model has two parameters r1 and r2 whih are the
transition rates from state 1 → state 2 and state 2 → state 1 respetively. In the
steady state, the probability distribution of protein levels an be alulated. A bi-
modal distribution orresponds to Type C patterns whereas an unimodal distribution
is obtained for Type B patterns. A broad distribution in protein levels (Fig. 14())
is obtained orresponding to the gene expression pattern shown in Fig. 12. Transi-
tion from one type of distribution to another an be obtained by hanging the rate
onstants r1 and r2. While experimental evidene for Type A and Type B patterns
of gene expression is onsiderable, we do not know of spei experiments exhibiting
Type C patterns. As mentioned in the Introdution, the Type C pattern is similar
to that obtained in the ase of two-state jump proesses in whih transitions between
two states our at random time intervals [34, 36℄. An example is provided by a
spin-
1
2
in the presene of a magneti eld and in ontat with a heat bath [36℄. The
literature on two state jump proesses is large and one measurable quantity of inter-
est is the mean rst-passage time (MFPT). The time required to swith between two
states is a random variable and is known as the rst rst passage time. Determina-
tion of the MFPT and other harateristi measures of the two-state jump proesses
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desribing Type C gene expression has not been attempted in this paper. The Type
C pattern is reminisent of a binary digital pulse with states 1 and 2 orresponding
to the 0 (OFF) and 1 (ON) states. Genes with expression pattern of Type C
may be ombined together to onstrut binary logial iruits. Reently, syntheti
networks of genes displaying features of binary logi iruits have been onstruted
[37℄. Bialek [10℄ has studied stability and noise in biohemial swithes and has shown
that swithes with long periods of stability and swithability in milliseonds an be
onstruted from fewer than a hundred moleules. The onlusion is arrived at by
studying a model of the synthesis of a single biohemial speies, say, proteins in the
Langevin formalism. The result obtained is of onsiderable interest but needs to be
veried in a detailed approah involving intermediate proesses. The orrelation of
the amount of random variation in protein distribution, measured by the Fano fator,
with the transriptional and translational rates an be determined in the stohasti
simulation approah and the results ompared with those obtained in experiments
[16, 17℄. A detailed study on the dominant ontributions to noise in our models of
gene expression is in progress and the results will be reported elsewhere.
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